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According to European Commission statistics, there will be an increase in the percentage of the
elderly in the next six decades, and it is expected that 66% of the population will be living in the
cities by 2050. Elderly may have sensory, cognitive and motor impairments that can difficult the
access to the Public Transport System. Thus, the main motivation of this dissertation is to explore
the potential of a Demand Responsive Transport (DRT) system for the elderly, to complement
the current Fixed Transport System. Therefore, the goals are to understand and characterise DRT
services in urban areas as well as to study the usage of the PTS in space and in time of the
population. In order to study the implementation of a DRT service, it is necessary to solve the
Dial-A-Ride problem (DARP). Thus one objective is to implement a DARP algorithm. Other
objectives were to perform sensitivity tests and a study case of a DRT system for the elderly in the
Metropolitan Porto Area.
The static DARP was implemented considering the real-world problems that are complex, and
have more than one variable to minimised. It has some constraints, such as the capacity of the
vehicles, and a request must be picked up and dropped off only once, and within time window.
Literature review states that is generated an initial solution and further optimisation of it. So, the
DARP algorithm, a variant of the Vehicle Routing Problem, was divided into two algorithms, an
Assigning Requests to Vehicles and a Multi-Objective Tabu Search Algorithm. The goal of the
DARP algorithm is to minimise the total travelled kilometres, the deadheading kilometres and the
number of vehicles. A set of computational test were performed to assess the performance and
sensitivity of the DARP algorithm by using a combination of different parameters’ values.
The computational results analyse the correlation between the variables, and it was found
strong positive correlations between the number of requests and the number of vehicles (rs =0.883,
ρ<1%) and with the number of vehicles optimised (rs =0.887, ρ<1%), and moderate negative
correlations between the vehicle’s capacity and with the deadheading km (rs=-0.502, ρ<1%) and
with the deadheading km optimised (rs=-0.519, ρ<1%). The data was collected using an Entry-
Only Automatic Fare Collection system in the PTS of the Metropolitan Porto Area. The PTS
analysed is the bus provider Sociedade de Transportes Coletivos do Porto. Furthermore, it was
implemented a case study focused only on the elderly population, using a sample of the validations.
It was applied a case study with six different combinations of two parameters, the vehicle capacity
(4,8,15) and the number of iterations (10,30). From the studied hypotheses, the best solution to be
implemented in the PTS could be a vehicle with a capacity of eight. The final solutions generated
were with only two vehicles, an average of 43 total travelled kilometres and 0.2 deadheading
kilometres, rather than the other solutions found. So, this algorithm shows efficiency in solving
this problem and could be applied to solve real-world DRT problems. This work can serve as basis
for future work in simulating a DRT system complemented with the Fixed Transport System by





Os resultados estatísticos da Comissão Europeia demonstram que haverá um aumento da percent-
agem da população idosa nas próximas seis décadas e é esperado que 66% da população irá viver
nas cidades em 2050. O envelhecimento pode causar limitações sensoriais, cognitivas e motoras,
que podem dificultar o acesso ao sistema de Transporte Público. Desta forma, a principal moti-
vação desta dissertação é explorar o potencial de um sistema de transporte a pedido para os idosos.
Os objetivos desta dissertação são compreender e caracterizar os serviços Sistema de Transporte
Público em áreas urbanas, bem como estudar a sua utilização no tempo e no espaço. A imple-
mentação de um algoritmo para resolver o "Dial-A-Ride Problem" (DARP), que é um sistema de
transporte a pedido. Outros objetivos desta dissertação são realizar um estudo computacional, para
avaliar a sensibilidade e a eficiência do algoritmo, e um caso de estudo para estudar a implemen-
tação de um sistema a pedido na área metropolitana do Porto para os idosos.
O DARP estático implementado teve em consideração que os problemas do mundo real são
complexos e minimizam mais do que uma variável. As restrições implementadas no DARP são
a capacidade do veículo, o cliente ser apanhado e largado apenas uma vez nas localizações indi-
cadas por ele e não poder ser ultrapassada a janela de tempo predefinida. Desta forma, o algoritmo
DARP foi dividido em dois algoritmos, o Assigning Requests to Vehicles e o algoritmo multiob-
jectivo Tabu Search. O objetivo do algoritmo DARP é minimizar o número total de quilómetros
percorridos, o número total de quilómetros percorridos em vazio, e o número total de veículos da
solução. De modo a avaliar o desempenho e a sensibilidade do algoritmo foram realizados testes
computacionais, através da combinação de valores de diferentes parâmetros. Foi realizado tam-
bém um caso de estudo, que explora a implementação de um sistema a pedido, através utilização
de dados de validações reais dos idosos, de modo a avaliar um sistema de transporte público para
os idosos.
Os resultados computacionais analisam a correlação entre variáveis e foram demonstradas cor-
relações positivas fortes entre o número de pedidos e o número de veículos (rs =0.883, ρ<1%) e
o número de veículos otimizados (rs =0.887, ρ<1%). E correlações negativas moderadas entre a
capacidade dos veículos e o número de quilómetros em vazio (rs=-0.502, ρ<1%) e os quilómetros
em vazio otimizados (rs=-0.519, ρ<1%). Para além disso, foi implementado um caso de estudo
focado na população idosa que utilizou uma amostra das validações, de 2013, na Sociedade de
Transportes Coletivos do Porto, a empresa que fornece o serviço de autocarro. O caso de es-
tudo implementado utilizou uma combinação de diferentes parâmetros, a capacidade do veículo
(4,8,15) e o número total de iterações (10,30). Através do estudo é possível concluir que a melhor
capacidade do veículo é 8, pois gerou as melhores soluções com apenas dois veículos, percorrendo
em média 43 quilómetros no total e 0.2 quilómetros em vazio. Este algoritmo demonstra eficiência
ao resolver estes problemas e desta forma pode ser aplicado para resolver problemas no mundo
real. Este trabalho poderá servir de base para no futuro ser realizada uma simulação de um sistema
DRT complementado com o sistema de transporte fixo, para estudar o impacto que o sistema DRT
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This chapter introduces the context, the objectives, the methodologies and the structure of this
dissertation.
1.1 Context
Statistical projections show that 66% of the population all around the globe will be living in cities
by 2050 [Lee18]. In the EU-28’s (European Union of 28 member states) the population will grow
by 1.7% between 2016 and 2080, corresponding to an increase of 8.5 million people (519 million
people by 2080) [Eur19b] (Figure 1.1b). With the peak around 2045, reaching 529 million of
people, 3.7% more than the number of people observed on 1st of January of 2016.
It is expected a 9.9% increase in the percentage of the elderly population in the next six
decades in EU-28 (53.3 million elderly people by 2080) (Figure 1.1a). [Eur19b]. The elderly
may have cognitive, sensory and physical impairments [cited in RSMRR18]. Elderly do not
usually drive cars relying on Public Transport System (PTS) to maintain an independent, active
lifestyle [WSY+18], which promotes social integration and contributes to successful ageing [cited
in YCC16]. Nevertheless, the mobility conditions make it difficult to access the PTS [WSY+18].
Nowadays, there is a growing social and environmental awareness that instigates measures
to promote social inclusion and environmental sustainability. For example, by decreasing the
number of private vehicles or single passenger vehicles in the roads, the public transport and
soft modes of transport such as ride-sharing, walking and cycling [cited in BFFG11] are being
promoted. Another way to promote PTS is by making public transport fares accessible to the entire
population. So to develop or improve an inclusive PTS, it is necessary to have in consideration
some aspects such as the accessibility, safety and comfort in transportation modes, and a walking
environment adapted for people with mobility impairments.
1
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(a) Population, by broad age group (% of total popu-
lation)
(b) Projected population
Figure 1.1: Statistics from Eurostat, EU-28, 2016-2080.
1.2 Motivation
Traffic congestion and emission of pollutants are the results expected from the increase of the ur-
ban population, which justify the needs of a better PTS, able to improve user’s quality of life, that
positively impacts the cities economy and promotes environmental sustainability [MDSF98]. The
Fixed Transportation Service (FTS) is one service of the PTS, that provides economic and eco-
logical transport, by supporting collective transportation. However, some people can not benefit
from it due to their mobility impairments, or even if the current PTS does not meet their needs.
Therefore, the improvement of the PTS is currently focused on new ways to move within the city,
such as the Demand Responsive Transport (DRT) system.
The main motivation is the PTS’ improvement by using a DRT service focused on the elderly.
This service is a flexible door-to-door, avoiding walking between home and the stop and this
service can be adapted to wheelchairs with a less expensive fare than the taxi service.
Census performed in the year of 2011 [dE19b] allowed to obtain and analyse information about
how people move in the Metropolitan Porto Area (MPA). Other information was obtained from
statistics published by the Instituto Nacional de Estatística, in 2002 [dE19a] and 2013 [dE19c],
and it was analysed how people move on MPA. From figure 1.2 can be verified that the majority
of the population (60% approximately in 2011 and 2013, and a bit less in 2002) uses a personal
vehicle to move in the city, as a driver and as a passenger.
1.3 Objectives
The objective of this work is to explore the potential of DRT for elderly urban mobility using big
data. The main goals are:
• To study the mobility of the elderly population (analysing the most used zone/lines/area and
the corresponding schedules);
• To understand and characterise DRT services in urban areas;
2
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• To review the state of the art review on the Dial-A-Ride Problems (DARP) algorithms;
• To implement a DARP algorithm;
• To analyse the sensibility of the algorithms with computational tests;
• To apply the algorithm to a case study in the MPA using real-world data.
1.4 Dissertation Structure
This section explains the structure of the document.
Chapter 2 introduces the definition of PTS and DRT, and explains the DRT main concepts.
Subsequently, a review of state of the art of the DRT systems already implemented is performed.
Chapter 3 contains a literature review of the DARP, the methodologies to solve it and an
example for each methodology.
Chapter 4 introduces a detailed and practical explanation of the implemented solution for the
DARP algorithm.
Chapter 5 details the computational results and the cases study, with the respective results’
analysis.
Chapter 6 the conclusions and future work are discussed.






PTS is a collective mode of transportation provided by several transportation modes, such as bus,
metro, train or subway and others. With the use of the PTS, it is expected to reduce traffic con-
gestion and environmental pollution. The traditional PTS has fixed routes and stops, and does not
always provide equal mobility opportunities for all citizens.
The DRT system is one service of the PTS, created to overcome those problems and to get
to the people that generally would not have access to the PTS. The DRT has flexibility in the
choice of routes, modes of transport, schedules, service provider, vehicle allocation and payment
systems. This type of flexible transport is usually focused on the service for people with disabilities
[NWM+10].
In this chapter, the DRT service is presented in order to introduce the subject in matter. First,
the definition and concepts of the DRT system are described and then examples of different real-
world implementations are presented.
2.1 Demand Responsive Transport
DRT can also be called door-to-door Dial-a-Ride service [NWM+10], and this service was devel-
oped for people with reduced mobility as a complement to the FTS [Eur19a]. In the United States
of America, a system called paratransit, also known as special transport services, was developed
to transport people with low mobility in the urban areas[Fu02], [NWM+10].
A DRT system is an intermediate form of transport between PTS and taxi [GA03]. It is more
flexible and expensive than the PTS providing similar flexibility as in the taxi service but with less
cost [MN09]. In general, the main advantages of a DRT are:
• To adjusted to the needs of specific groups of the population, as reduced mobility;
• To overcome the limitations of the fixed transport system, in some periods, such as at night
[IIdMedT19];
• To increase mobility convenience;
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• To decrease travelling times of passengers.
There are two types of DRT, rural and urban, the former being more diversified and covering
a more extensive range of systems. In order to characterise urban and rural DRT systems, the
criterion used is the service-area. The rural DRT system is characterised mainly by the geographic
size of the service-area used. For urban DRT systems service-area is defined mainly by population
size and by the transit ridership and small urban DRT system may serve a population between
50,000 to 200,000; a large urban DRT system may serve a population from 200,000 to 1 million,
and the largest urban DRT system a population higher than 1 million [EM09].
With the development and use of Information and Communication Technologies, the DRT
system can book and schedule trips dynamically assigning passengers to trips and optimising the
routes as are being requested [NWM+10]. Before the use of Information and Communication
Technologies, on the initial DRT systems implemented, the operators had to book and schedule
the user’s trips manually, making it a service with a high cost of provision, lack of route flexibility
and inefficiency on dealing with high demand [MN09], [MN03], while being mandatory for the
customers to request in advance.
2.2 DRT Services Concepts
This section introduces the main concepts of the DRT service, namely routes, time, network and
booking concepts, and vehicle allocation.
2.2.1 Routes and Time Concepts
In a DRT system, there is a different type of routes, unlike the fixed transit service which have
predefined routes and schedules. Also, a DRT system can have four types of stops, as it is shown
in figure 2.1.
Figure 2.1: DRT types of stops
[GA03].
The stops of the DRT system can be predefined or not, and this will depend on the DRT service
implemented. So different DRT services can be implemented, adapting to the circumstances in
which they are inserted.
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When the service for a DRT system is being planned, it is necessary to have into consideration
the fixed predefined stops and the stops requested by the customers. In this way, from all four
types of stops, several services schemes can be implemented, when combining the different routes
serving the requests and at the same time optimising the service.
2.2.2 Network Concepts
The Network Concepts are (a) stand-alone DRT service, (b) DRT feeder service and (c) the DRT
with multiple roles. The stand-alone DRT service (Figure 2.2a) is used generally in rural areas,
offering transport to the local village, to the residents of a low-density area. The DRT feeder
service (Figure 2.2b) was designed for the customers to have a connection to other PTS that will
complement the trip, connecting the main stop of the DRT system [GA03]. The DRT with multiple
service roles (Figure 2.2c) will provide access to the essential community services, such as travel
facilities, shopping centre, services, school and work [GA03].
(a) Stand-alone DRT service
(b) DRT feeder service
(c) DRT service with multiple roles
Figure 2.2: DRT Network concepts.
2.2.3 Booking Concepts
The process of booking a trip usually includes three phases. First, the customer contacts the
dispatcher centre with a route (pick up and delivery) and time (departure and arrival) information.
The customer can perform it in several ways, such as phone call, SMS, internet, interactive voice
response systems and an app. Then, if the requested service can not be executed, the operator
sends several proposals offering a similar service to the customer. In the last phase, the booking
confirmation is performed by the customer.
Scheduling a trip has four possible scenarios defining service [GA03]:
1. Non-pre-booking trips: the customer waits in a predefined stop with a predefined schedule
for a vehicle of the service. The driver is the one responsible for deciding if the user can
enter or not the vehicle, based on the number of empty seats in the vehicle at that moment.
The destination of the user is booked on-board;
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2. Direct booking; the customer should request the trip up to one or two hours before departure
time, in order to the operator reorganise the service, and they will be picked up and dropped
off on the location defined;
3. Wide time window - trip notification: the customer makes the booking request and re-
ceives a proposal from the operator with the departure and arrival times with a time window.
The customer is notified moments before the trip of the accurate scheduled departure time,
granting the operator more flexibility and optimisation in scheduling routes and timetables,
and vehicle allocation;
4. Collecting requests: the operator will wait until the customers make all the requests. Based
on the information of the departure and arrival time at the locations indicated by the cus-
tomer, the operator will create a route which best optimises the service. After this, the
customer is notified with all the details of the trip and can accept it or not.
2.2.4 Vehicle Allocation Concepts
A crucial decision when implementing the DRT service is the vehicle allocation (type and quantity
of vehicles). The type of vehicle allocation is chosen by having in consideration the demand of
the requested trips before each service. There are three distinct types of vehicle allocation:
1. Fixed vehicle allocation: there is only one type of vehicle, and it is determined by the
service it operates on. Hence the flexibility is reduced. An example is a service that provides
transport for people with low mobility with facilities for wheelchairs [GA03].
2. Extendable vehicle allocation: the service uses a type of vehicle that can be complemented
with external transport to meet the demand, for example, a cooperation with a taxi company.
This cooperation ensures that the system can fulfil all the requests throughout the day.
3. Dynamic vehicle allocation: is a more flexible service, that has various vehicles with sev-
eral properties, such as capacity, accessibility and special facilities [GA03]. Some of the
vehicles do not belong to a single company, thus can be operated by several companies.
2.3 DRT Implementations
A bibliographic review of the DRT services implemented in Portugal ([IIdMedT19],[HdFTP20],
[dA20], [dTUdC19], [dVdC19], [dP19]) and in the United Kingdom ([NP12], [MN09]). Table 2.1
summarises the characteristics of the DRT services implemented with the information about the
population density in each city ([dDPC19], [Wik19b], [Wik19a]).
In Portugal it was implemented DRT services in Funchal ([IIdMedT19], [HdFTP20]), Al-
mada ([IIdMedT19], [dA20]), Coimbra ([dTUdC19]), Viano do Castelo ([dVdC19]), Portalegre
([dP19]), Beja ([IIdMedT19]) and Médio Tejo ([IIdMedT19]).
1possibility of a complementary route
2for the elderly the transport is door-to-door
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Table 2.1: DRT Implementations.
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The common aspects of all DRT systems implemented in Portugal are:
• All the services have predefined routes and schedules;
• The services are operated by electric buses or mini-buses (except in collective taxis and
Transporte a Pedido no Médio Tejo where taxis operate the service) 3;
• The service area is urban (except collective taxis and Transporte a Pedido no Médio Tejo
where the service area are urban and rural);
• The target population of these services are mostly the senior and junior;
• To reduce car usage and traffic in the cities centres.
The main difference between the services is how the customers request the trips. The booking
is performed by three types, Direct Booking, Non-pre-booking trips, and Collecting Requests.
There are some services in which there is no information about it.
The collective taxis, in Beja, is a cooperation between the PTS service and the taxi company.
This service only runs when the PTS is not available, such as at the weekends. The fare of each
trip for each passenger is equal to the price in the PTS. People with reduced mobility can book a
trip at least 30 minutes before the departure time and are transported to the requested location.
In Coimbra, the system was implemented in 2003, with three electric mini-buses and the resi-
dents have a free transportation service. Its service area is characterised by an ageing population,
promoting, in this way, accessibility and reducing social exclusion. The restricted access to the
3there is no information on Transporte a Pedido no Médio Tejo
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historical centre by private vehicles favours its conservation and increases the quality of life of the
residents.
In Viana do Castelo the service implemented in 2004, operates with electric vehicles, with a
total capacity of transportation of 22 passengers. A blue line establishes the routes in the pavement
in the historical centre. This service also aids the mobility of the elderly in the city centre and it is
a friendly, environmentally alternative.
In Portalegre, the project began in 2004 in the scope of the European Mobility Week. The
vehicles of this service are mini-buses, and there is the main route that can integrate a complemen-
tary route. The goal is to maximise the use of parking spaces, thus reducing the number of cars in
the historical centre.
In Funchal, the flexible public transport service operates with predefined routes and schedules,
started in 2006. The customer needs to hail and ride. The route is performed by electric mini-buses
adapted to transport people with mobility limitations and connects most of the city’s parking lots.
In Almada, the service is composed by energy-efficient electric mini-buses, inaugurated in
2010. The passengers are picked up on predefined meeting points, the stops are made on request,
and the service frequency is 20 minutes. This service runs between 7h and 19h on weekdays and
Saturday mornings between 8h and 13h.
The Transporte a Pedido no Médio Tejo is a service implemented in 2013, in the Médio Tejo
of Portugal. Like FTS, it has predefined routes, stops and schedules but it is operated by taxis with
a capacity of 4 or 8 seats. However, a stop is only served if a customer requests it, and the requests
should be made until the 15:00 of the previous day, by calling the travel dispatch centre, the trip is
performed on the day, time and location predetermined in the booking.
Nexus is the regional public transport in Tyne and Wear, in the United Kingdom, operating
since the late 1960s. In 2002 a pilot project called Ucall introduced a DRT service in Tyne and
Wear with open-access. This service is operated as a semi-fixed route with intermediate stops. The
customers can book a trip up to 8 days and at most 30 minutes before the trip. In the predefined
stops, the customers could hail and ride; in this case, the decision to accept or not the customers is
made by the driver. From 2006 UCall was extended, and a similar service was created, with a new
brand LinkUp.
The LinkUp service is operated in a region with a high-density population and a service’s area
of 538 km2, serving the entire population. Most of the services operate on fully flexible routes
with no fixed times and no predefined timetables. However, some services operate daily on fixed




This chapter describes the DARP, starting with a review of the literature for the problem (3.1). In
section 3.2, a review of state of the art for DARP, specifically the exact methods, heuristics and
metaheuristics, is presented. In section 3.3 the Multi-Objective Problems (MOP) are discussed.
3.1 The Dial-a-ride Problem
The DARP, a variant of Vehicle Routing Problem (VRP), consists of scheduling and routing vehi-
cles to pick up and delivery a set of customers. The requests are usually made for the same day, a
request from home to the desired location, and then a request from the desired location back home.
The routes are computed to be performed at the minimum cost of operation with a feasible order
in which the vehicles serve the requests [TV02]. The objective is to minimise the overall distance
travelled, the total deadheading distance travelled and the total number of vehicles.
To solve this problem it is used mostly the Dijkstra algorithm and A-star algorithm, calculating
the shortest distance between the origin node and the destination node. The A-star algorithm is a
heuristic search algorithm, the searching efficiency and the results are affected by the evaluation
function that determines the searching direction. The Dijkstra algorithm calculates the optimal
path by iterating through all nodes, the search efficiency is much lower [CLY14].
Dial-a-ride services can be operated in one of two modes, static (off-line) or dynamic (on-
line). The static mode only allows the customers to requests their trip in advance. Therefore all
requests are known in advance, and the service is planned before the journey starts. The dynamic
mode is a mix of static and dynamic mode where the customers can book a request in advance or
immediately before the trip. Thus, the scheduling can be performed before the DRT service starts
and altered or rescheduled, as new requests are made. As the service is designed for the elderly,
the required time to enter and exit the vehicle can be substantially higher than the usual times,
due to their reduced mobility. Furthermore, for this reason, an adequate boarding time should be
considered for an accurate simulation [HHL12].
To implement a DRT service is necessary to have in consideration several variables, such as the
requests made by the customers, the number of vehicles in the fleet, the capacity of each vehicle,
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the speed, the boarding time among others. Each request is composed of one departure location,
arrival location and a time interval. In this work, the problem is that collective transport service
has a homogeneous fleet of vehicles to serve a set of customers requests. It is required for each
customer to be picked up and delivery by the same vehicle without violating the time window
constraint.
The problem of this work is to solve a Capacitated Vehicle Routing Problem With Pick up
and Deliveries with Time Window constraints (CVRPWPDTW) [HHL12], that is used to design x
routes of minimum cost, one for each vehicle so that all customers are picked up exactly once and
dropped off exactly once. The CVRPWPDTW is NP-Complete as it is a natural generalisation of
the Travelling Salesman Problem[HPR13].
The VRP can be formulated as follows. Let G = (E,N) be a graph where N = {1,2,...,n} are
the vertex set or node-set, and E are the edges or arc set, of directed edges. There is a fleet of
similar vehicles of capacity Q, which collects customers qi at each vertex (demand) i ∈ N. A non-
negative cost ci j is associated with each edge (i, j) ∈ N, i 6= j, this cost is the distance travelled.
An extension of the VRP, the VRP with time windows, which has a time window [ai,bi] constraint
at each vertex. In the Vehicle Routing Problem with pick-up and delivery, each customer request
corresponds to a pair of vertices [Kac09]. Usually, it is added a waiting time in case of the vehicle
arrives before the lower bound ai. The objective of a VRP is to minimise the distance travelled,
for each vehicle, or the number of vehicles.
3.2 Approaches for DARP
The problem type is known to be an NP-Complete combinatorial problem, and therefore optimal
solutions are hard to find in polynomial time. In this section, it is presented a review of method-
ologies for solving the VRP, more specifically in this case, the DARP. These approaches can be
divided into exact methods, heuristics and metaheuristics.
Exact methods find optimal solutions, however at the expense of high computational time,
especially when using large real-word data sets. There are studies focused on solving single-
vehicle or multi-vehicle DARP ([Cor06], [RCL07], [LD04]) with exact formulations, by using
branch-and-cut algorithms and others by using dynamic programming ([DDS86], [DDGS95],
[KRKT87]).
Thus, in order to solve hard combinatorial optimisation problems can be used heuristics, which
are divided into construction heuristics, improvement heuristics, and metaheuristics.
3.2.1 Construction Heuristics
Construction heuristics reviewed are insertion heuristics, savings heuristics, two-phase construc-




The insertion heuristic can be used to construct an initial solution. The process of this heuristic
is at each iteration it is selected a vertex from the not visited list of vertex, creating a feasible
and with a least-cost solution. The vertex is inserted between two consecutive vertices already in
the route. This process repeats itself until all vertices are visited. There are some variants of this
heuristic, in which some constraints are verified before adding a new vertex to the route and if the
constraints are not violated a new route construction begins [CW64].
3.2.1.2 Savings heuristics
In the savings heuristics, the construction of an initial solution is the starting point, by creating
a route that connects the depot and each vertex, without violating a constraint that each vertex is
visited exactly once. There is an ordered list of savings between each pair of vertices. The list
guides the merging process, and it is sorted in non-increasing order. Two routes are selected at
each iteration and merged without violating the constraints, and this process repeats itself until
there are no more routes to merge [CW64].
3.2.1.3 Route-First Cluster-Second
Route-First Cluster-Second is an algorithm commonly used in VRP. The route construction is done
by visiting all nodes while relaxing the constraint capacity of the vehicles and other constraints,
and this way creates an unfeasible solution. Then, clusters are formed by converting the route into
smaller and feasible routes that satisfy the constraints.
An exact polynomial-time algorithm is used to perform the partition in a VRP. As this algo-
rithm works in an acyclic graph, it is possible to obtain a solution by solving the shortest path from
node 1 to node x in polynomial time [cited in Pot09].
3.2.1.4 Cluster-First Route-Second
Cluster-First Route-Second is an algorithm also frequently used in VRP, first forming the clusters
having in consideration the VRP constraints and that each cluster is associated with one vehicle.
Then, for each vehicle, the routes are built, by visiting all nodes of that cluster[Pot09].
Another DARP was solved by implementing a mini-clustering algorithm which uses a parallel
insertion method processing requests sequentially. The requests are grouped in time and space
while assuring the quality of service for the users. There are some constraints followed in this
heuristic, which must not violate the time window, capacity, pick up and delivery constraints.
The requests in the same mini-cluster must be served by the same vehicle. The objective of the




This heuristic is based on the improvement of an initial solution, optimised with a local search
heuristic. A set of neighbourhood solutions are generated by modifying the current solution. Then,
they are compared with the current solution, and the best solution becomes the new current solu-
tion. By exchanging the position of one vertex (vertex move), another modification is exchanging
two nodes between them, and the other modification is removing an edge from the current solution
or adding another edge to the solution [Pot09]. This process repeats itself until there is no better
solution in the neighbourhood solution. The modifications are based on the arcs or nodes of the
solution and do not violate constraints. Thus the new solutions are feasible.
In the literature are presented several adaptations of those modifications. For example, the ex-
change of consecutive vertices, instead of a single vertex, can be applied to each route individually,
modifying only the sequence of the vertices.
3.2.3 Metaheuristics
The metaheuristics reviewed in this subsection are Genetic Algorithms, Simulated Annealing,
Greedy Randomised Adaptive Search Procedure, Ant Colony Optimisation and Tabu Search.
3.2.3.1 Genetic Algorithms
The Genetic Algorithm is a random search technique. The optimal global solution is found in the
complex multi-dimensional search spaces, operates with a population of possible solutions. This
algorithm uses operators that were inspired in the natural evolution process, which are also known
as genetic operators, manipulating individuals in a population through the generations to improve
their fitness gradually [H+92].
There are three operators used in the genetic algorithms: (1) the selection, (2) the crossover
and (3) the mutation. The selection operator (1) intends to reproduce more copies of individuals
whose fitness values are higher. The crossover (2) selects a random point in the two individuals,
swapping the parts after the point, this produces two new individuals (children). The mutation (3)
is a procedure in which all bits of the individuals are checked where all bit values are randomly
reversed.
The article [RDS06] proposed a method based on genetic algorithms to solve a VRP. The
objective is to construct routes for transporting disabled people minimising the number of vehicles
and at the same time satisfying the time window customers’ requirements. Two formulations to
solve the problem are considered, the first one with a fixed number of vehicles and the second
without a fixed number of vehicles, in order to minimise the number of customers not served and




The Simulating Annealing algorithm is based on the analogy between the problem of solving
the combinatorial optimisation problems and the annealing of solids [KGV83]. In the analogy, the
feasible solutions of the optimisation problem are represented by the states of the solid. The values
of the objective function correspond to the state of energy computed at those solutions where the
optimal solution is the minimum energy state.
The cost function and mechanisms define how to generate neighbourhood solutions. The
algorithm consists of a sequence of iterations. First, it chooses a random neighbourhood solution
to the current solution in order to create a new solution. To decide whether the new solution
is accepted, it must have a negative difference in the cost function, between the neighbourhood
solution and the current solution. Otherwise, it is randomly chosen if it can be accepted to become
or not the current solution [PK00].
A variant solution of the VRP with simultaneous pick up-deliveries and time window of goods
was implemented, having in consideration the time window and capacity constraint, and that all
the customers must be served. The simulated annealing accepts new current solutions, which do
not improve with a probability, allowing to escape from local minima, becoming in this way a
global optimum algorithm [WZMS13].
3.2.3.3 Greedy Randomised Adaptive Search Procedure
The Greedy Randomised Adaptive Search Procedure is a metaheuristic based on a multi-start strat-
egy with two phases, the construction and the local search. It uses several initial solutions gener-
ated through repeated applications of a semi-greedy process. This process uses a list of candidates
that can be incorporated into the building solution. After application of a greedy evaluation, it is
created a restricted candidate list formed by the best elements. The next element to be incorporated
is chosen randomly from the restricted candidate list, which may lead to an unfeasible solution.
In the local search phase, better solutions are searched for in the neighbourhood of the best
solution, and whenever a better solution is found, it replaces the best solution. The initial so-
lutions, the neighbourhood search technique, the strategy to evaluate the cost function value,
can be affected by the speed and the effectiveness of the procedure. There are two ways to se-
lect the neighbourhood solution to implement, the best-improving and the first-improving. In the
best-improving, all neighbourhood solutions are evaluated, and the best is selected. In the first-
improving method, the neighbourhood solutions are evaluated iteratively, and the first solution
found better than the current solution is implemented[RR10].
A Vehicle Routing Problem With Time Windows was studied in [Cha03] using GRASP in
order to minimise the fleet size and the travelled distance. The solution of the VRP with the
GRASP is a list of ordered customers visits, and each list corresponds to a vehicle. Besides that,
at all times, the capacity of the vehicle must not be exceeded. By applying GRASP to VRP, it was
constructed an initial solution which was further improved by applying the local search phase.
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3.2.3.4 Ant Colony Optimisation
The Ant Colony Optimisation metaheuristic is based on the real-life behaviour of an ant colony, in
which the ants use pheromones as a mean of communication. A colony of simple agents (artificial
ants) that communicates indirectly through (artificial) pheromone trails used this as an analogy.
The construction of the heuristic is implemented using a probabilistic decision based on the arti-
ficial pheromone trails function and a heuristics based on data input on the problem to solve. The
use of the pheromone trails is a significant difference, which is taking into consideration by the
accumulated search experience.
As opposed to what happens to other metaheuristics, the ant colony optimisation algorithm be-
gins with an empty solution rather than with an initial solution. The solution is built incrementally
by adding components of the solution without backtracking until a complete solution is obtained.
A greedy algorithm is used to determine the heuristic of each partial solution. It has better quality
than to use randomly generated solutions, despite being a greedy algorithm and often causes the
heuristic to be tided in an optimal local [DS10].
A hybrid ant colony optimisation algorithm was used to solve the VRP with capacity and
distance constraints with one central depot and a homogeneous fleet of vehicles. It also uses the
2-opt-heuristic, which is an exchange procedure that generates a so-called 2-optimal tour. If there
is no possibility to reduce the tour by exchanging two arcs, it is called a 2-optimal tour. Also,
the algorithm was evaluated for fourteen benchmark problems and then compared those results to
other metaheuristics approaches such as Tabu Search (TS) and Simulated Annealing [BHS99].
3.2.3.5 Tabu Search
TS is a metaheuristic approach to solve combinatorial optimisation problems, which is an exten-
sion of the Local Search Algorithm and is characterised by the use of flexible memory. The search
space of this algorithm is all the possible neighbourhood solutions. Unfeasible solutions can be
accepted in order to obtain even better solutions, becoming the new current solution where relax-
ing some constraints, increasing the search space. The neighbourhood structure is what defines
how the current solution can change to the neighbourhood solution.
After having all neighbourhood solutions from the search space, it is chosen the best solution
for the next iteration, by selecting the best available move, and the process repeats itself until
the termination criteria is reached. Only feasible solutions can replace other solutions as the best
solution. TS has a short-term memory list of tabu moves, and this list prevents the algorithm of
cycling away from local optima through non-improvement moves or cycling back to a solution
previously analysed, by storing the previous moves in a list. This contributes to the algorithm to
intensify and diversify the space search. The tabu list may prevent an attractive move, which is a
disadvantage.
For this reason, the aspiration criteria were introduced. The aspiration criteria are used to
allow a move even if it is in the tabu list. The move is allowed if the solution resulted from the
move is better than any other solution obtained so far.
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The optimisation algorithm could search for better solutions forever unless the optimal goal
solution is known beforehand. Thus, a termination criterion needs to be implemented. The algo-
rithm ends by reaching a fixed number of iterations or by reaching a fixed number of iterations
without improvement or when the objective reaches a predefined threshold value.
The article [CL03] describes a TS heuristic for the static multi-vehicle DARP. The solution of
the VRP aims to minimise the vehicle routes’ costs and at the same time to serve all customers
at their desired departure and destination locations, within the time window required on their
departure and destination. The vehicle capacity, the maximum ride time for all customers and the
route duration are other constraints considered in this article.
This algorithm is commonly used to solve VRP and was chosen in the DARP optimisation
phase for being a great algorithm to solve combinatorial problems and simple to implement.
Figure 3.1 it presents a generic methodology used in all DARP solutions found in the literature
review, that corresponds to the generation of an initial solution and further optimisation of it. This
methodology was used in this dissertation.
3.3 Multi-Objective Approaches
Most of the studies on VRP focus on the single-objective optimisation, though it is growing the
concern on the multi-objective optimisation problems as the real-world problems involve the com-
parison between more than one objective [JPKC08]. This work focuses on the multi-objective
problem since it explores three objectives while optimising the solution, total travelled kilometres,
total deadheading kilometres and the number of vehicles. The main concepts related to MOP are
presented in the next paragraphs.
Commonly, VRP focus on the optimisation of the total travelled kilometres, however the focus
of this work is a triple optimisation criteria, representing a MOP. The general formulation of a
MOP (3.1) is [JST08]:
(MOP) =
min F(x) = ( f1(x), f2(x), ..., fn(x)) : n ∈ N≥2s.t. gi(x) ≥ 0, i = 1, ...,m (3.1)
Where a solution (decision vector) is x, x = (x1,x2, ...,xr) ∈ X , and X defines the decision
space. An objective vector is F(x), F(x) = ( f 1(x), f 2(x), ..., f n(x)) ∈ Y , where Y defines the ob-
jective space.
T he f easible set =
{
XF = x ∈ X : gi(x) ≥ 0, i ∈ N≥2 (3.2)
A solution x is said to dominate 3.3 solution y, for x,y ∈ XF if the following conditions are
true:
Pareto dominance =
F(x) F(y) : ∀ j ∈ Nf j(x)≺ f j(y) : ∃ j ∈ N (3.3)
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Figure 3.1: Generic Methodology Scheme
And a solution x is said to be non-dominated if the following conditions are true:
Non−dominated solution =





These non-dominated solutions, also known as Pareto Set, dominate any other solution from
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the feasible solution space. A solution x ∈ XF is said to be Pareto optimal if it is non-dominated
regarding XF . As the MOP is being solved, it should converge toward the Pareto Optimal Set,
which is the set of all Pareto optimal solutions. The set of the corresponding objective vectors is
called the Pareto optimal front or the trade-off surface.
The chapter [JST08] approaches two problems, the VRP with route balancing and the bi-
objective covering tour problem. In order to solve the problems, a two-phase approach can be
used based on the combination of single-objective techniques and a multi-objective evolution-
ary algorithm, provides diversification and intensification for the search space, respectively. This
chapter aims to present an overview of the VRP multi-objective optimisation and what it can bring
to VRPs. As more than one objective is minimised, it is possible to minimise the total travelled
kilometres, and at the same time, the total travelled kilometres for the shortest route. It is also pos-
sible to evaluate customer satisfaction and to minimise the variables of the operators perspective,
minimising the number of vehicles and optimising the effectiveness of the vehicles. So, with a
multi-objective approach, it is possible to solve a real-world problem, which requires to minimise





A Multi-Objective approach for DARP
This chapter details the solution of the static DARP. In subsection 4.1 it is presented the general
methodology used. In the next subsections, it is presented the methodology used to develop the
DARP algorithm, which is split into the Assigning Requests to Vehicles (ARV) algorithm, in
subsection 4.2.2, and the Multi-Objective Tabu Search Algorithm (MOTSA), in subsection 4.2.3.
4.1 General Overview of the Solution
The solution implemented was based on the literature review of DARP (chapter 3.2). First, an
initial solution with a good outcome should be feasible and do not violate constraints. Then a
heuristic or metaheuristic algorithm should be used to optimise the solution. With a good initial
solution, the solution optimisation could be reached using fewer iterations.
It is required a map to perform the routes between the desired locations. It was extracted
from the Open Street Map and converted into three files using a parser, the roads, the edges and
the nodes. The files have information about the coordinates of each node, the real-world nodes
connection and about the street names and whether the edges are bidirectional. The distance
between the nodes is calculated using the Haversine formula, later used in the A* algorithm. The
Haversine formula determines the distance between two points on the surface of a sphere given
their longitudes and latitudes, this was used due to the information in the node file being expressed
in polar coordinates.
An adaptation of the Nearest Neighbour was used. However, instead of selecting the next
request by the distance, it was selected chronologically. With all requests assigned to vehicles, the
initial solution is complete.
To optimise the initial solution, a MOTSA was implemented. For each request in the list of
not served requests, it is added a vehicle to serve it, and the vehicles are then added to the initial
solution. It explores the neighbourhood solution by modifying the order in which the requests are
served, named candidate solutions. By comparing amongst one another, the dominated candidates
are eliminated, and the non-dominated candidates became the solutions to explore in the next
iteration. The final solution is the set of feasible non-dominated solutions. The optimisation
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ends when there are no more solutions to explore or when it is reached the maximum number of
iterations or the maximum number of iterations without improvement.
4.1.1 Storage of all Routes
As the route calculation was performed several times per iteration, the execution time of the DARP
was high. It was improved with the calculation of all routes and storage in a database for further
consultation. In this way, predetermined values are used, instead of calculating the routes as they
are needed, and a compound index of two columns was created using the fields ’node_origin’ and
’node_destination’.
4.2 DARP Algorithm
A DARP algorithm to solve a CVRPWPDTW was implemented. As it was not necessary to
explore the dynamic mode of the DRT services, a static DRT service was implemented, which
means that one of the parameters is a list of all the requests.
The list of requests is the set of all customers’ requests. Each request consists of the departure
and arrival time and location, the time-window and the number of customers. The request can be
of individual passengers or groups of passengers. The list of requests includes the departure and
arrival times called, origin node time and destination node time, respectively. The departure and
arrival locations, named the origin node and the destination node, respectively.
The parameters necessary to implement the DARP, are represented in figure 4.1, are the list
of the requests, the number of vehicles, the vehicles’ specifications, the total number of iterations,
the total number of iterations without improvement, a threshold number, a map and if it is to use
the previously calculated paths or not.
Regarding the parameter of the number of vehicles, there are two possibilities, choose a posi-
tive integer number or have "all" vehicles necessary to answer the needs of the service. If there is
a finite number of vehicles and if a request cannot be assigned to any available vehicle, the request
is added to the list of not served requests. Once all customers must be transported, and the cost
associated with each request not served is the same as adding another vehicle to the solution, the
parameter "all" exists in order to the list of not served requests always remaining empty.
The vehicles’ specifications, the speed and its capacity, the total number of iterations, the total
number of iterations without improvement and the threshold number must be integers, the last
three are only used in the optimisation algorithm. The threshold number limits the number of
candidates chosen to become the solutions of the next iteration.
The DARP methodology is presented in the following subsections.
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Figure 4.1: Algorithms’ Parameters.
4.2.1 Requests
For the computation results presented, in section 5.1, requests were generated randomly, and for
the case study, it was used a sample of real-world validations in the MPA. The explanation of the
request generation is presented following.
The process starts by choosing randomly two nodes from the map, generating the requests
randomly. Two constraints were defined: (i) all the requests must be feasible and (ii) all the nodes
must be connected, for the heuristic always finding a route between two nodes. For each request,
the origin time was created by adding 9 hours to the total travelled time, and each destination time
was created by adding 10 hours, the total travel time and the total boarding time. The possible
time windows are 10, 20, 30, 40, 50 and 60 minutes. For example, with a 20 minutes time window
and origin time at 08:00, the time interval to pick up the customer is from 07:50 until 08:10. The
requests are also composed by the number of costumes, that are randomly chosen between 1, 2
and 3.
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4.2.2 Assigning Requests to Vehicles Algorithm
In order to generate an initial solution, it is used the ARV Algorithm to assign each request to
a vehicle. In figure 4.4, it is presented the flowchart of it, which presents the methodology of
scheduling the requests and assigning them to vehicles, in figure 4.5.
In this phase, the A* algorithm is used to calculate routes between locations or nodes or stops,
computing the route with the shortest path, and thus obtaining the travelled time between nodes.
Every request must be feasible, this means, that it must be possible for the vehicle to travel
between the departure and arrival locations without violating the customers’ desired times for
departure and arrival within the time window. If the constraints are violated, then the request is
considered not feasible, and it is added to the list of not feasible requests. There is no cost added
to the solution if the request is not feasible.
There are three possible states for the request: waiting (waiting to be picked up), boarded (on
board of a vehicle) and alighted (dropped in the destination). At each iteration, the next request is
chosen from the list of requests chronologically. The requests’ state is updated as the requests are
being assigned to vehicles if they are being picked up (the state changes from waiting to boarded)
if they are being dropped off (the state changes from boarded to alighted). When the request is
updated to alight, it is removed from the list of requests. At each iteration, a request is assigned
to a vehicle, and the list of requests is updated. The route between the location of a depot and
the origin node of the first request to be served is not relevant in this work. For this reason, each
vehicle begins its journey in the first request. The algorithm ends when there are no more requests
in the list to be assigned, resulting in the initial solution.
Constraints applied when assigning a request to a vehicle:
• Each request is always served by the same vehicle (picked up and dropped off);
• A request can only be dropped off after being picked up;
• A request must be picked up once and dropped off once.
• A request is only assigned to a vehicle if all customers already assigned to it, can leave the
vehicle within time at the desired destination;
• A request can only be assigned to a vehicle if there are enough empty seats to accommodate
all customers of the request;
• A request can only be assigned to a vehicle if the time window constraints are not violated;
These constraints are always verified when assigning a request to a vehicle and must not be
violated.
4.2.2.1 Feature Enhancements Implemented
In this subsection, a couple of feature enhancements that were implemented are presented, which
are used in both ARV Algorithm and MOTSA.
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When a request is being assigned to a vehicle, the route between the current vehicle’s position
and the request’s location is calculated. If the vehicle reaches the node to be served before the time
window, it can wait for the request, or it can serve other requests while waiting.
While a request is being assigned, the path between the vehicle and the request to be served is
analysed. If there are other requests to be served in the path, they will be served.
The maximum time to drop off is the destination time plus the time window, and there is no
other time constraint to drop off a customer. For example, the time window is 10 minutes, and the
destination time is 10:10:00, so the maximum time to drop off the customer is 10:19:59. This time
window constraint relaxation when dropping was implemented to reduce the time spent inside
a vehicle by the customer and provides more available seats earlier, maximising the number of
customers transported by a vehicle.
Another feature enhancement implemented is delivering some customers when a vehicle has
no more empty seats. They are delivered until at least the number of available seats is equal to the
average number of customers per request. This can decrease the total number of vehicles in the
initial solution by assigning more requests to that vehicle earlier than it would.
4.2.2.2 Example of how it works
In this subsection it will be presented a practical example of ARV Algorithm (figures 4.4 and 4.5)
using the requests presented in listing A.1.
At the beginning of the ARV algorithm, the list of requests is ordered by the origin time to
pick up the requests in ascending order. The first request to be served is the ’client_E’. After being
assigned a vehicle to pick up the request ’client_E’, the state of the request is updated to boarded.
The list of requests is ordered once more, however this time the request ’client_E’ is ordered by
its destination time. At this moment the order of the list of requests is ’client_C’, ’client_B’,
’client_E’, ’client_A’, ’client_D’. So, the next request to be served should be ’client_C’, however,
the path from the vehicle’s current node to ’client_C’ has an intermediate stop, in this case, the
origin node of the request ’client_B’.
It is verified if the constraints are violated and if not the request ’client_B’ is picked up be-
fore the vehicle picking up the request ’client_C’. The current order of the vehicle’s requests is
’client_E’, ’client_B’, ’client_C’. The list of requests is once more reordered and the next request
to be served is the ’client_E’, although the request was already picked up now, it is necessary to
drop it off.
Even though the first request in the list is the ’client_A’, other requests are served first, because
the vehicle would reach the request ’client_A’ before the origin time, violating the constraints.
For this reason, other requests are served, without affecting the original request. In this way,
instead of waiting for the customers, the operation time is optimised, by dropping the ’client_C’
and ’client_B’ and then picking up the ’client_A’. Then ’client_D’ is picked up. The remaining
requests are dropped off, and the initial solution is created.
This solution uses only one vehicle, with a total of 21.75 km and 3.69 km travelled without
any client inside the vehicle.
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4.2.3 Multi-Objective Tabu Search Algorithm
The algorithm has the following phases, (1) the initial solution generation that tries to ARV, pre-
sented in figures 4.4 and 4.5; (2) the creation of a candidate list of solutions based on the neigh-
bourhood structure as presented in figure 4.6; (3) Application of a TS Algorithm for the MOP,
as presented in figure 4.3. The result of the DARP Algorithm is a list of feasible non-dominated
solutions. The cost of a solution is represented by the total travelled kilometres and the total dead-
heading kilometres and the number of vehicles. The algorithm’s main goal is to minimise the cost
of the solution while ensuring that all customers are served without violating constraints.
Figure 4.3 has a flowchart of the DARP Algorithm and the figure 4.6 has a flowchart that
generates all the solution candidates for the next iteration of MOTSA from a solution.
Figure 4.2: Explanation of the requests exchanges.
A solution is characterised by neighbourhood structures, the ordered requests, represented
between ’[ ’ and’] ’ (figure 4.2). In that figure is presented an example of a solution. The request-
id composes each neighbourhood structure and whether the request is being picked up or dropped
off. Every neighbourhood structure of the solution being analysed is associated with a unique
position number. From the initial solution, it is created a list with all possible exchanges.
The type 1 of possible exchanges is exchanging the order of the neighbourhood structures,
taking into consideration that the constraints cannot be violated. So, it is not possible for a request
to be picked up by a vehicle and dropped off by another. As it is demonstrated in figure 4.2,
the neighbourhood structure ’[2|client_B|dropping off]’, from vehicle id equals to 0, cannot be
exchanged with the ’[0|client_D| picking up]’, from vehicle id equals to 1. For these cases, a new
type of possible exchanges (type 2) is implemented, the exchange is moving a request from one
vehicle to another. Examples of the exchanges are ’(1,2)’ and ’(client_B,v1)’, in the first case two
neighbourhood structures are exchanged and in the second case the neighbourhood structures of
request ’client_B’ are moved to the vehicle with id equals to 4. A visual explanation of the two
possible exchanges is demonstrated in figure 4.2, the exchange type 1 corresponds to the black
arrows, and the exchange type 2 corresponds to the red arrows.
From all the possible exchanges it is verified if the exchange complies with the constraints
mentioned in section 4.2.2 and whether it is inside the tabu list. By executing an exchange in a
solution, it is generated a candidate solution, and this exchange is added to the list of tabu list,
preventing the exchange from being reversed for the next three iterations. The new candidate
solutions are added to the list of candidates, and its cost is calculated.
The cost of the candidate solution is calculated by computing the new paths, using the A*
algorithm, from one neighbourhood structure to the other, in exchanges type 1. In exchanges type
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2, it is applied the ARV Algorithm to the vehicle’s requests, in order to obtain the cost of the
solution.
Afterwards, the list of candidates is analysed and by comparing the costs between candidates
a list of non-dominates candidates is built.
The threshold number is used to select a number of candidates from the list of candidates.
In the one hand, if the threshold number is lower than the total number of candidates, they are
all selected to become the new solutions. On the other hand, if the size of the list is bigger than
the threshold number, a subset of the list is selected by choosing 1/3 of the threshold number
of the candidates for each cost’s variable with the lowest value. For example, if the size of the
list is 20 and the threshold number is 12, there will be 12 candidates for the next iteration, four
candidates with the lowest value of the total kilometres travelled, then four different candidates
with the lowest total kilometres travelled without passengers and then four different candidates
with the lowest number of vehicles.
Now, the candidate’s solutions are added to the solutions list. Also, the solution list of non-
dominated solutions is updated, comparing all the solutions amongst one another and removing
the dominated solutions.
The stopping condition are:
• The total number of iterations is reached;
• The number of iterations without improvement is reached;
• All the solutions were explored for candidates;
• The non-dominated candidate list is empty.
The final result is a list of feasible and valid solutions, that corresponds to a set of the non-
dominated solutions of the problem, the Pareto optimal set.
4.2.3.1 Example of how it works
In this subsection it will be presented a practical example of MOTSA (figures 4.3 and 4.6) using
the requests presented in listing A.1.
The algorithm starts with the solution generated from the VRP algorithm, that was presented
in section 4.2.2.2. At each iteration, it is verified from a list of all possible exchanges the ones that
are feasible for the problem, in table 4.1. As the solution has only one vehicle, the requests being
exchange between vehicles are not represented in the table. When a new solution is generated it is
added to the solutions list and compared with the solutions in the best solution list, as the solutions
are being dominated, they are removed from the list, and only the non-dominated solutions belong
to the best solutions list. As it is possible to observe from the table 4.2, the initial solution the
new solutions generated become better, the number of vehicles remain the same. However, the
total kilometres travelled, and deadheading kilometres decreased. The final best solutions are the
solution with id equals to 13, 14 and 15, 6.51 km, 6.23 km and 6.48 km total travelled kilometres,
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respectively. The deadheading kilometres for each solution, respectively, is 0 km, 1.37 km and
1.21 km. All the solutions use one vehicle to perform the service.
Table 4.1: List of all possible exchanges.
0 1 2 3 4 5 6 7 8 9
0 - (0,1) (0,2) (0,3) (0,4) (0,5) (0,6) (0,7) (0,8) (0,9)
1 - - (1,2) (1,3) (1,4) (1,5) (1,6) (1,7) (1,8) (1,9)
2 - - - (2,3) (2,4) (2,5) (2,6) (2,7) (2,8) (2,9)
3 - - - - (3,4) (3,5) (3,6) (3,7) (3,8) (3,9)
4 - - - - - (4,5) (4,6) (4,7) (4,8) (4,9)
5 - - - - - - (5,6) (5,7) (5,8) (5,9)
6 - - - - - - - (6,7) (6,8) (6,9)
7 - - - - - - - - (7,8) (7,9)
8 - - - - - - - - - (8,9)
9 - - - - - - - - - -
Table 4.2: Table with the solutions generated in the Tabu Search Algorithm.













0 0 None 21.75 3.69 1 - 0
1
1 (0,2) 14.16 1.78 1 0
1,2
2 (3,5) 16.56 0 1 0
2
3 (1,2) 13.82 1.78 1 1
3,4
4 (4,6) 15.57 0 1 2
3
5 (8,9) 15.31 0 1 3
5,6
6 (0,1) 12.26 1.21 1 4
4
7 (5,7) 15.03 0 1 5
7,8
8 (3,7) 12.04 0.41 1 6
5
9 (3,7) 12.16 0 1 7
9,10
10 (2,3) 8.93 0.41 1 8
6
11 (6,9) 9.88 0 1 10
11,12
12 (8,9) 6.91 0.41 1 10
7 13 (8,9) 6.51 0 1 11 13
8 14 (7,8) 6.23 1.37 1 13 13,14
9 15 (5,6) 6.48 1.21 1 14 13,14,15
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Figure 4.3: Flowchart of the DARP Algorithm.
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Figure 4.4: Flowchart of assigning all requests to vehicles.
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Figure 4.5: Flowchart of assigning a single request to a single vehicle.
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In the first section 5.1, the results of an experimental computation performance of the DARP
algorithm and an analysis of the model sensibility are performed. The case study is in section 5.2,
in subsection 5.2.2, it is presented a small review of literature about the estimation of the Origin-
Destination (OD) Matrices, to use in the case study. An analysis of the PTS was performed for the
case study, described in subsection 5.2.1.
5.1 Computational Analysis
A set of tests were performed in order to assess the performance, sensitivity and effectiveness
of the DARP algorithm. For this purpose, a combination of different values of the following
parameters:
− Number of requests: [5, 10, 15, 20, 30, 50];
− Time boarding for each customer (minutes): [1, 2, 3, 4, 5];
− Number of seats in each vehicle: [4, 8, 15];
− Vehicle’s speed (km/h): [20, 25, 30, 35, 40];
− Total number of iterations: [10, 30, 50];
− Candidate threshold number: [5,9,12,16].
The combination of the parameters generated 3730 different examples for the DARP algorithm
to solve, evaluating the cost for each solution (triple-objective). The algorithm was implemented
in Java and processed in a computer with 2.2GHz Intel Core and 16GB of RAM.
The Spearman correlation (rs) was used to analyse the data from the final solutions (the vari-
ables in table 5.1). As the Kolmogorov–Smirnov test shows no evidence that the variables follow
a normal distribution. Likewise, from figure 5.1 it is possible to notice that the variables do not
follow a normal distribution, and a visual representation of the relationships between the variables,
as they are detailed following.
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Figure 5.1: Correlation between all variables of the initial solutions.
A file was created with the output of all initial solutions and all final solutions, with the
algorithm’s parameters and with the initial solutions’ costs and with the final solutions’ costs.
The costs of the initial solution are represented by ’total_km’, ’deadheading_km’ and ’num-
ber_of_vehicles’. The cost of the final solutions are represented by ’total_km_optimised’, ’dead-
heading_km_optimised’ and ’number_of_vehicles_optimised’.
The significance of the correlation between the variables is presented in table 5.1, the signif-
icance that are not described in the figure is higher than 0.05. A positive correlation means that
both variables move tandem.
After the algorithms stopped, it was created a file with all of the algorithms’ parameters, the
cost of the initial solutions and the costs of the final solutions. There are strong positive relation-
ships correlation observed between the number of requests and:
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• the total travelled km (rs=0.977, ρ<1%);
• the total travelled km optimised (rs=0.976, ρ<1%);
• the execution time (rs=0.954, ρ<1%);
• the execution time optimised (rs=0.909, ρ<1%);
• the number of vehicles (rs=0.883, ρ<1%);
• the number of vehicles optimised (rs=0.887, ρ<1%).
Another strong positive relationship between the total travelled km and:
• the total travelled km optimised (rs=0.989, ρ<1%);
• the execution time (rs=0.929, ρ<1%);
• the execution time optimised (rs=0.884, ρ<1%);
• the number of vehicles (rs=0.843, ρ<1%);
• the number of vehicles optimised (rs=0.850, ρ<1%).
So if the number of requests raises it will raise as well the number of the vehicle necessary to
serve all requests, in the initial solution and in the optimised solutions, having similar correlations
between them and the number of requests.
There is a strong positive correlation between the number of vehicles and:
• the total travelled km optimised (rs=0.866, ρ<1%);
• the execution time (rs=0.808, ρ<1%);
• the number of vehicles optimised (rs=0.970, ρ<1%);
• execution time optimised (rs=0.867, ρ<1%).
As the correlation between the number of vehicles and the number of vehicles optimised is
(rs=0.970, ρ<1%), being the correlation near one means that the initial solutions generated have
almost the same number of vehicles as in the optimised solutions. Furthermore, a moderate corre-
lation between the number of vehicles and the deadheading km (rs=0.552, ρ<1%).
More strong correlations are observed between the execution time and:
• the total travelled km optimised (rs=0.922, ρ<1%)
• the number of vehicles optimised (rs=0.815, ρ<1%)
• the execution time optimised (rs=0.850, ρ<1%)
35
Results
Moreover, a strong correlation between the total travelled km optimised and the number of
vehicles optimised (rs=0.853, ρ<1%) and with the execution time optimised (rs=0.887, ρ<1%).
And a strong positive correlation between the number of vehicles optimised and the execution time
optimised (rs=0.871, ρ<1%).
There are some moderate positive correlations between deadheading km and:
• the number of vehicles (rs=0.552, ρ<1%)
• the deadheading km optimised (rs=0.629, ρ<1%)
• the number of vehicles optimised (rs=0.551, ρ<1%)
• the execution time optimised (rs=0.594, ρ<1%)
Also, there are some moderate negative correlations between the vehicle capacity and the
deadheading km (rs=-0.502, ρ<1%) and with the deadheading km optimised (rs=-0.519, ρ<1%).
In figure 5.2 is presented the cost of the solutions at each iteration of the DARP algorithm
for solving one of the tests. A colour and a shape represent each iteration. As it is represented
at each iteration the each solutions’ cost improve or remain the same, the latter due to not being
dominated by other solutions. For a better understanding of the graph an auxiliary table A.1, in
appendix, describes with detail the same optimisation, the total number iterations of iterations
without improvement was reached. The stop condition was reached because there the same set of
solutions remain in the non-dominated solutions list for five iterations. It was selected only the
first four iterations for visual demonstration purpose. It is possible to infer that the solutions at
each iteration are improving since at each iteration the solutions are closer to the origin of the axes
than the initial solution, it minimises/remains the solutions’ cost (in the 2d views).
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5.2 Case study: transport elderly passengers in an urban context
As stated in Chapter 1, it is expected a growth of the elderly populations in the next three decades
and that the elderly can have mobility limitations and thus difficulty accessing the PTS. So, in
order for the elderly to have an independent and active lifestyle, it is necessary to improve the
PTS. As in many other countries, DRT systems were implemented for the elderly and people with
mobility impairments. Accessible public transport contributes to well-being because it is benefi-
cial providing social interactions, reduces loneliness and the sense of belonging to a community
[GJR14]. However, such systems have been mostly implemented in urban areas.
For these reasons, it was raised the necessity to perform a study of a DRT service for the elderly
in an urban metropolitan area. So a case study was performed aiming to study how a DRT would
perform in the PTS of the MPA for the elderly population, and what would be its operational cost.
So, from the elderly passengers’ validations, it was generated an OD matrix.
5.2.1 PTS usage analysis
This case study will take into consideration the real MPA, where there is a PTS called Andante,
a flexible ticket system, managed by the Transportes Intermodais do Porto. It was required to
performed a PTS usage analysis, for that it was used the data from the validations of the PTS in
MPA.
When analysing the data, two groups were identified, the elderly and the non-elderly. The
non-elderly corresponds to all the population besides the elderly population. First, data analysis
is performed, in order to study PTS usage on the focused population, this includes the study
in zone/lines/area and schedules that the elderly population most use, only the weekdays were
considered in this analysis, Only the weekdays were considered in this case study, due to the
demand on the weekends decreases to half.
About 135.700 billions of trips were made along the year of 2013 by 3.017.357 travellers using
the PTS, 57% of the trips were made by bus and 43% by metro. From the passengers, 75% has
a monthly pass subscription, and from these, 41% are elderly, and 59% were non-elderly. The
percentage of the elderly using the PTS daily is significant.
For the non-elderly travellers, three peak periods are identified, during the weekdays: a morn-
ing peak from 07:00 to 09:00, a lunch peak from 12:30 to 14:00, and an evening peak from 16:00
to 19:00. On the other hand, for the elderly, two peak periods were identified during weekdays,
during the morning 09:30 - 11:30 and mid-afternoon 14:00 - 17:30. This case study will be focused
on the elderly, as it is demonstrated in figure 5.4a and in figure 5.4b the usage of this provider of
transport, metro, is significantly low by the elderly, corresponding to a usage of approximately
10%, figure 5.5b, figure 5.5a, and approximately 25% in the Sociedade de Transportes Coletivos
do Porto (STCP) provider. Thus, only the STCP provider of transport will be considered in the
case study.
Table A.2, in appendix, shows the ten most used lines by the elderly and the usage rank of
the same lines by the non-elderly. Also, it is presented the percentage of the elderly usage in the
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(a) during weekdays (b) during weekends
Figure 5.3: Average and standard deviation daily variation of the elderly and non-elderly traveller
demand for STCP.
(a) during weekdays (b) during weekends
Figure 5.4: Average and standard deviation daily variation of the elderly and non-elderly traveller
demand for METRO do Porto.
(a) Metro provider (b) STCP provider
Figure 5.5: Percentage of the elderly and non-elderly travellers for each provider.
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entire year, per each bus line. Moreover, the percentage of the elderly and the non-elderly usage
by month. The average percentage of the elderly population validations is 28.1%. The most used
line by the elderly is the ’600’ and the most used line by the non-elderly is the ’205’.
5.2.2 Estimation of the Origin-Destination Matrices
The validations of the PTS of the MPA were used in this case study to estimate the OD Matrices.
As the system is in an open space, the passenger only validates at the beginning of each journey,
being an Entry-only Automatic Fare Collection [NGF16]. The Automatic Fare Collection systems,
in the beginning, were mainly used for revenue management. However, the data gathered contain
information that can be used to improve transportation planning[BFS09].
There is no information about the alighting location, so it is necessary to estimate the OD Ma-
trices. There are two assumptions when determining the alighting locations, described in [BFS09]:
1. most of the passengers start their next trip near or at the destination of their previous trip;
2. most of the passengers end their last trip of the day near the start of their first trip.
The methodology used was the first, because the validations are entry-only, there is only infor-
mation about where the passengers start their trip, the destinations are the goal of the OD matrix
estimations.
The data has information about the validations, the customer identification, the time of vali-
dation, the stop, the zone and the monthly signature title. Data collected from the 1 of January of
2013 to the 31 of December of 2013 was used. A database was used to analyse those data, and the
MongoDB is the database used, with it the data is analysed separately, by months, in collections.
As the focus of this work is to study the implementation of a DRT in the MPA for the elderly,
only a small percentage of the validations were used, by the following criteria:
• Elderly validations;
• Monthly subscription validations - only the passengers’ validations that have a monthly
subscription;
• Weekdays validations - the validations on the weekends dropped to less than half;
• Validations between 09h30 and 11h30 - due to the identified peak hour for the elderly;
• The month with more percentage of usage (August);
• Passengers’ validations twice in a day, with an interval of more than 1 hour - This will allow
identifying the origin and destination of a trip;.
• Passengers’ with more than four validations at one stop - This would remove the customers
that only used less than four times each stop with the characteristics explained above.
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A matrix of the locations of the origin and the location of the destination was obtained and
it is represented in the listing A.2. Nonetheless, it was necessary to retrieve the schedules of the
customer’ trips. From all validations it was retrieved the average time at which each customer
used to validate, becoming the origin time of the request. It was assumed that every customer was
willing to wait 15 minutes and that the destination time was 1 hour later than the origin time.
The previous characteristics were chosen accordingly to the focus of the work. The focus of
this work is not to determine the OD matrices of the elderly, but to study how the DRT system
would operate. Thus, a sample of selected validations was selected, some were discarded to reduce
the map’s area, figure 5.6, in order to decrease the computational time.
Figure 5.6: Map of the Case Study.
As the origins and destinations’ matrix were complete, it was required to obtain the customers
travelled map’s area. For that, it was calculated the coordinates of the map having in considera-
tion the following values southern-most latitude, western-most longitude, northern-most latitude,
eastern-most longitude. With the help of a parser, the map was parsed into three files: the nodes
files, the edges files and the roads files.
5.2.3 Application on the DARP algorithm to the case study
A set of tests were performed with a combination of different values for the parameters for the
case of study, as mentioned as follows:
− Number of requests: 17;
− Boarding time for each customer (minutes): 2;
− Number of seats in each vehicle: [4, 8, 15];
− Vehicle’s speed (km/h): 35;
− Total number of iterations: [10, 30];
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− Threshold number: 12.
Table 5.2 summarises the results of the case study by using a vehicle with a capacity of 4 seats
and a maximum number of 10 iterations. It generated 2675 candidate solutions, of these only 66
feasible candidate solutions were accepted, and 2609 candidate solutions were rejected. However,
only 46 different solutions belonged to the non-dominated solution list, meaning that the solution
list was improving at each iteration. The initial solution generated from the ARV belongs to the
final non-dominated list, meaning that the ARV generated an excellent initial solution. There is an
inverse relationship between the total travelled kilometres and the deadheading kilometres for the
same number of vehicles.
Table 5.3 summarises the results of a similar to the previous case study, with the difference
of a maximum number of iterations 30. This lead to more accepted solutions (23), 227 feasible
solutions, and even more dominated candidate solutions (13035). One hundred eleven different
solutions were in the non-dominated list of solutions considering this. In this case, as the number
of iterations increases, the total travelled kilometres decreases for the same number of vehicles,
concluding that the algorithm could find better solutions with more iterations. The same relation-
ships observed in the previous table were also observed.
Table 5.4 summarises the results of the case study using a vehicle with a capacity of 8 seats
and a maximum number of 10 iterations. Candidate solutions were generated (2483), of which
only 54 feasible candidate solutions were accepted, and 2428 candidate solutions were rejected.
However, only 50 different solutions belonged to the non-dominated solution list, which means
the solution list was improving at each iteration. With a vehicle with more capacity allows the
creation of more optimised routes for the same number of vehicles (2). In comparison with table
5.2 for the same number of iterations, but a different number of seats, 4 and 8, it was possible to
obtain better dominated optimised solutions for the latter.
Table 5.5 summarises the results of the case study by using a vehicle with a capacity of eight
seats and a maximum number of 30 iterations, having performed only 23 iterations. In this case,
the metaheuristic stopped at 23 iterations because the total number of iterations without improve-
ment was reached. The same has happened in table 5.3.
It generated 5662 candidate solutions of these only 108 feasible candidate solutions were ac-
cepted, and 5554 candidate solutions were rejected. However, only 68 different solutions belonged
to the non-dominated solution list, meaning that the solution list was improving at each iteration.
With a higher vehicle capacity, it is possible to create more optimised routes for the same solu-
tion’s number of vehicles (2), it is differentiated from the previous examples. The restrictions
applied to the ARV can limit the number of optimised candidate solutions generated.
In comparison with the previous table, for the same total travelled kilometres and deadheading
kilometres it is possible to obtain routes with a smaller number of vehicles. Furthermore, by
increasing the number of iterations, it was possible to find more and better solutions.
There are many solutions with equal triple-objective. However, the order in which the requests
are served is different, due to the different neighbourhood structure found by the intensification
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and diversification of the metaheuristic and the elimination of candidates with the same routes that
are already in the candidate list or in the solution list.
From tables 5.6 and 5.7 it is possible to observe that from a specific number of vehicles the
initial and optimised solutions remain the same. So, above the capacity of eight, the cost of the
solutions remains the same.
Summarising all it was observed from the tables of the case study that as the capacity of
the vehicles increase there are more solutions with a lower number of vehicles in the optimised
solution, as it was observed in the computational results.
Giving all the restrictions and features implemented in the algorithm ARV, there is a good
initial solution, and the solution is feasible. Due to the restrictions implemented, the feasible
search space is reduced, and the majority of the candidates are dominated thus removed from the
list of candidates.
Table 5.2: Results of the case study with number of iterations of 10 and the vehicle capacity of 4.
Vehicle capacity Total number of iterations Execution time
4 10 2m46s




km Number of vehicles
0 81.396 0 2
Optimised
solutions
0 81.396 0.00 2
62 49.344 0.00 3
63 39.437 0.00 4
64 43.097 4.225 3
65 42.867 4.917 3










that once were in
non-dominated
solutions list
10 66 2609 46
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Table 5.3: Results of the case study with number of iterations of 30 and the vehicle capacity of 4.
Vehicle capacity Total number of iterations Execution time
4 30 11m15s







0 81.396 0 2
Optimised
solutions
0 81.396 0 2
101 37.136 0 4
110 37.136 0 4
111 37.136 0 4
112 37.136 0 4
118 37.136 0 4
119 37.136 0 4
120 37.136 0 4
127 37.136 0 4
129 37.781 5.056 3
134 37.781 5.056 3
135 37.781 5.056 3
137 42.02 0 3
141 38.075 3.967 3
143 37.781 5.056 3
144 42.02 0 3
145 42.02 0 3
146 42.02 0 3
150 38.075 3.967 3
151 38.075 3.967 3
154 42.02 0 3
155 42.02 0 3
156 42.02 0 3
158 38.075 3.967 3
159 39.052 3.275 3
162 42.02 0 3
166 39.052 3.275 3
167 39.052 3.275 3










that once were in
non-dominated
solution list
28 226 13035 111
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Table 5.4: Results of the case study with number of iterations of 10 and the vehicle capacity of 8.
Vehicle capacity Total number of iterations Execution time
8 10 2m33s







0 74.266 3.287 2
Optimised
solutions
53 44.585 0.179 2











that once were in
non-dominated
solutions list
10 54 2428 50
Table 5.5: Results of the case study with number of iterations of 30 and the vehicle capacity of 8.
Vehicle capacity Execution time Execution time
8 30 5m32s







0 74.266 3.287 2
Optimised
solutions
70 42.791 0.179 2
72 42.791 0.179 2
73 42.791 0.179 2
74 42.791 0.179 2
75 42.952 0 2
76 42.791 0.179 2
77 42.791 0.179 2
78 42.952 0 2
79 42.791 0.179 2
80 42.952 0 2
81 42.952 0 2
82 42.791 0.179 2
83 42.952 0 2
84 42.952 0 2
85 42.952 0 2












that once were in
non-dominated
solutions list
23 107 5554 68
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Table 5.6: Results of the case study with number of iterations of 10 and the vehicle capacity of 15.
Vehicle capacity Total number of iterations Execution time
15 10 2m40s




km Number of vehicles
0 74.266 3.287 2
Optimised
solutions
53 44.585 0.179 2












that once were in
non-dominated
solutions list
10 54 2428 50
Table 5.7: Results of the case study with number of iterations of 30 and the vehicle capacity of 15.
Vehicle capacity Total number of iterations Execution time
15 30 5m32s





0 74.266 3.287 2
Optimised
solutions
70 42.791 0.179 2
72 42.791 0.179 2
73 42.791 0.179 2
74 42.791 0.179 2
75 42.952 0 2
76 42.791 0.179 2
77 42.791 0.179 2
78 42.952 0 2
79 42.791 0.179 2
80 42.952 0 2
81 42.952 0 2
82 42.791 0.179 2
83 42.952 0 2
84 42.952 0 2
85 42.952 0 2












that once were in
non-dominated
solutions list





Conclusions and Future Work
The elderly population will grow by 1.7 % in the next six decades, and half of the population
will live in urban areas. This population growth is very significant since the elderly may have
cognitive, sensory and physical impairments. The mobility conditions make it difficult to access
the PTS. This study addressed the door-to-door service, complementing the FTS. This service
does not have predefined stops or schedules, it is operated by bus, and the target is the population
with limited mobility. Therefore, was studied a Capacitated Vehicle Routing Problem with Picked
up and Delivery, and time window constraints, in a medium-sized metropolitan area, MPA. Each
request is picked up and dropped off once and without violating the time window and capacity
constraints. This algorithm was divided into two sub-algorithms, the ARV and the MOTSA, that
generate an initial solution and further optimisation (resulting in a list of non-dominated solutions),
respectively.
Usually, it is implemented a single objective DARP algorithm. However, in this dissertation,
it was implemented a MOP because it is more similar to the real-world objective. A MOTSA was
used with a triple objective criteria, using the concept of Pareto dominance, providing a set of
different optimal solution.
From the computational results, it was obtained that the vehicle capacity and the deadheading
km are inversely proportional, and the number of requests is directly proportional to the number
of vehicles, the execution time, the total km, the number of vehicles optimised, the execution time
optimised, and the total km optimised. Due to the complexity of the algorithm the execution time
raises exponentially as the number of requests also raise.
A case study was performed using real-world validations from the STCP company of the MPA.
With the results obtained from the case study, it is possible to conclude that the best solution for
this case study is a vehicle with a capacity of eight passengers. The vehicle with the capacity to
transport 15 passengers was excluded due to having the same optimised solutions as the vehicle
with capacity of eight. It is possible to infer that it was generated an excellent initial solution for
the vehicle with capacity of 4, due to appearing in the optimised solutions. The average optimised
solutions, for the vehicle of capacity of 4, have about 80 total travelled kilometres for 2 vehicles,
and about 44 total travelled kilometres for three or 4 vehicles, are dominated by an optimised
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solution from the solutions generated for the vehicle with a capacity of 8. So, it is possible to infer
it was implemented a feasible and achievable solution by using the DARP algorithm.
For future work, it would be interesting to test this DARP algorithm for all the elderly pop-
ulation, as, in this dissertation, only a small part of the population was targeted. So, it could be
extended this approach in future work, by performing a simulation using a software simulator and
comparing, in this way, the combining action of the two public transportation system, the DRT
system created from the case study and the FTS without the elderly population. Also, an aspect
that can be used in the TS is the acceptance of unfeasible in order to diversify and intensify the
search space.
An abstract of the work conducted in this dissertation was submitted to the 23rd EURO Work-
ing Group on Transportation EWGT 2020 that will be held in Paphos, Cyprus, on September 16 –
18, 2020. This is a conference focused on:
• Transport modelling and control;
• Transport economics and policy;
• Planning and operation;
• Innovative solutions;
• Connected and automated vehicles.
The accepted papers will be published in Transportation Research Procedia, from Elsevier.
Also, the local organising committee will establish agreements with some top journals for special
issues related to the works presented at the EWGT 2020 Meeting.
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Listing A.2: File with the list of requests for the case study (OD matrix).
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Appendix
Table A.1: Iterations of the optimisation example as in figure 5.2
Iterations Solution id Total km Deadheading km Number of vehicles
Initial solution 0 68.204 2.694 6
0
1 60.395 1.389 7
2 62.3 2.694 6
3 61.702 0 7
4 62.813 0 6
1
2 62.3 2.694 6
4 62.813 0 6
5 59.479 0 8
6 62.6 0.899 6
7 60.359 0 7
2
4 62.813 0 6
6 62.6 0.899 6
7 60.359 0 7
9 61.924 1.389 6
10 59.174 0 8
3
4 62.813 0 6
6 62.6 0.899 6
9 61.924 1.389 6
14 58.164 0 7
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Table A.2: Ranking of buses lines used by elderly (E) and non-elderly (nE) travellers.
Line (bus) ’600’ ’701’ ’305’ ’205’ ’200’ ’204’ ’800’ ’903’ ’704’ ’207’



















Jan 25.2% 1 2 3 4 5 6 7 8 9 10
Feb 27.0% 1 2 3 4 5 6 11 7 8 10
Mar 27.3% 1 3 2 4 5 6 11 7 8 9
Apr 26.9% 1 2 3 4 5 6 8 10 9 11
May 27.2% 1 2 3 4 5 6 7 10 9 11
Jun 29.3% 1 2 3 5 4 6 10 9 8 11
Jul 30.6% 1 3 6 2 4 7 11 10 8 9
Aug 35.9% 1 7 5 2 4 6 10 9 8 11
Sep 29.0% 1 2 4 3 5 6 11 9 8 10
Oct 26.0% 1 2 3 5 6 4 11 8 7 9
Nov 25.8% 1 2 3 5 6 4 11 8 7 9





















Jan 74.8% 3 2 9 1 6 7 5 4 8 11
Feb 73.0% 2 3 9 1 6 5 7 4 8 11
Mar 72.7% 3 4 9 1 5 6 8 2 7 10
Apr 73.1% 3 4 9 1 5 6 7 2 8 10
May 72.8% 3 2 9 1 6 5 7 4 8 10
Jun 70.7% 3 4 9 1 5 6 8 2 7 11
Jul 69.4% 3 4 8 1 5 6 8 2 7 11
Aug 64.1% 3 6 9 1 4 7 10 2 5 17
Sep 71.0% 3 4 9 1 6 5 8 2 7 10
Oct 74.0% 4 5 8 1 6 3 9 2 7 10
Nov 74.2% 4 3 8 1 6 5 9 2 7 10
Dec 73.3% 4 3 8 1 7 5 9 2 6 10
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